WEEKLY REPORT

GINEERF
September 9, 2018

1 EMIAE

AITA LE3§ — JFIDEMhI 53

ST RN E AR, FATH B BRI FAT5ERL T PPT 1 JRASHIAH K 7]
A EAE. X =W, £ 5l (RFER T, 7157 Li-RADs $ORSEH) MM
55 E A5 IV X AR T T DR, 1% PP o Al A2 B o A SR B T, i DA
A AR I U R BRI AT 1. H RTESS AR BEE R (K22 50 it 10).

H it L ff
1. 5EW T 2D DenseUNet BYIZRATINK, [R] ko340 JFF AR AN b g, 2808 —
FEIEZ, FEMAE B Ry IR EE AT
e Liver on test set: 0.946
e Tumor on test set: 0.669
o Liver on total set: 0.958
e Tumor on total set: 0.822
2. XF MGH pyadeit it 7Tt —0 s, ikt 115 4 (JE4h 159 4)
= CT LM =EIRmg I Zr. HIkP CT & T EHE™ AR B
TR M R g O X D2 /S 5o 92/23, PA=I% R 1EN
—iliEH A CDNN W Z8iI12:, 15800 BIE5 58 a0
e Tumor on test set: 0.654
e Tumor on test set: 0.816



A DA ISR R PR ROCR ST A DUAE B SR Y
PSP A M AT BB 2 L B A =0 G B I 2 ik DA SR A = IR 1Y
FRAE, FT DA RT RE 55 2 A A =180 32 O I PE R 4IE 4n: APHE,
"Washout”, Enhancing "capsule” 4.

3. 3D DenseUNet #11 H-DenseUNet {53845 A 58 A%,

EN(ELRS

JA— R HAR 12 N, S EARS ALIA 3, Rt 7
/NEF, JETH 8 /N

2 —emyk
o« FITI% HRA R e L (TR IR 5 B RE AL Jofr 2D U-Net 43340

2D U-Net

g ST EIRF A

2D DenseUNet
5 E| BT A+ Beh e

roornene a Rl e
S+ —HE «
FP -
3DATAE
Mask

JHFRE, 2D DenseUNet 4 EIJFFARE + BhRd i o> M 28 EE AR 245 0] . iy
JGH) 3D Densenet PAK A2 + 4810 S22 B M. % E3 B
TR e P R A B8 A vt (S 0.538 (RS IPHG B 1 118 43 1A B2 AN 4 [l 32
AN, IrPATERSG I M 45520 T MFT—# 2D DenseUNet H1
A3 B Ik TRg v 0 B BH A IR, TR e i BB B A ERE . BT
Hi—# 2D DenseUNet H1EVZ43#H T HAR, Fr ARG FFE /)



By 3D W25 AL PRAY B HARAY patch BIRT. 25 JE 3 I ) R/ hE 7
ER (MJL mm 2 BH mm A55), ZREEMZ /2 R A LER.

3 PRI

o N 24 H SR B BB T B ol R A3 N S SR A T AT B A, A I
()4 EORS BE, HERA S, A B KR (>50mm) A/ (<20mm)
(5 IR RE, AR, A BR; K#] 0 MR A H ARHIE, 5-#IA
W IR A 2R E, 1500k g B 1 S H 4V A 2R 5

o ) HTIE = IR B0 25 BIPEARAE, FFDAIX SRR 1 Ry #4525 ) e A
Y. SRR J5 DR 2 15 A e A = 300 AR m R 0 g i A At 2
MK T LT T TR ) T g 1

¥ 2D DenseUNet [#J&ftli_F1I1Z% H-DenseUNet #4742 I 1t

o SERHEIAEEE 3D 432 + 4 HI % 25 i i) RN A QR S

4 I
4.1 Learning and Incorporating Shape Models for Se-
mantic Segmentation
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Fig. 3: Network architectures
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(a) Random corruption of shapes (b) Intermediate U-Net predictions

Fig. 4: Data augmentation strategies for shape CAE training
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4.3 Multi-level Contextual 3D CNNs for False Positive
Reduction in Pulmonary Nodule Detection
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4.4 Recent Advances in Deep Learning: An Overview
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o WREEM 2845y AlexNet, VGG, ResNet, R-CNN %7%1, RNN £ 7%,
LSTM £7%|

o WRIEA B Boltzmann Machines, 5Z[{ Boltzmann Machines, ¥EE
Han ML, AL A4S, fEER SVM

o YEAMALTETS: Dropout, Deep Residual Learning, Batch Normaliza-
tion, Distillation(HF 4t AY)
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o REZJHELE: Tensorflow, PyTorch, Caffe
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